Naturally occurring genetic variations may affect certain phenotypes through influencing transcript levels of the genes that are causally related to those phenotypes. Genomic regions harboring common sequence variants that modulate gene expression can be mapped as quantitative trait loci (QTLs) using a newly developed genetical genomics approach. This enables a new strategy for systematically mapping novel genetic loci underlying various phenotypes. In this work, we started from a seed set of genes with variants that are known to affect behavioral and neurological phenotypes (as recorded in Mammalian Phenotype Ontology Database) and used microarrays to analyze their expression levels in brain samples of a panel of BXD recombinant inbred mouse strains. We then systematically mapped the QTLs controlling the expression of these genes. Candidate causal genes in the QTL intervals were evaluated for evidence of functional genetic polymorphisms. Using this method, we were able to predict novel genetic loci and causal genes for a number of behavioral and neurological phenotypes. Lines of independent evidence supporting some of our results were provided by transcription factor binding site analysis and by biomedical literature. This strategy integrates gene -phenotype relations from decades of experimental mutagenesis studies and new genomic resources to provide an approach to rapidly expand knowledge on genetic loci modulating phenotypes.
INTRODUCTION
Systematically characterizing the molecular basis of highly variable phenotypes is a central theme of genetics in the postgenomic era. Locating chromosomal intervals harboring coding and non-coding sequence variants that influence phenotypes is the first step in the forward genetics approach. Quantitative trait locus (QTL) mapping has long been used for this purpose. Recent advances in genetical genomics have inspired us to propose a novel approach to expanding and integrating knowledge on the genetic loci influencing phenotypes. Genetical genomics approaches treat gene expression levels as intermediate traits between DNA sequence variations and phenotypes and use QTL mapping to identify genetic loci controlling gene expression. It is known that many genes underlying physiological/clinical phenotypes show significant expression level variations in relevant tissues across genetically segregating populations (34) , and transcriptional regulation of these genes may play an important role in phenotype manifestation. Upstream regulators (transcription factors, signaling molecules, etc.) of these genes are likely to be the genetic drivers of the corresponding phenotypes as well. Therefore, by identifying a genomic region harboring such upstream regulators using QTL mapping, it is possible to discover novel genetic loci influencing the phenotypes. This approach starts with the genes whose mutations are known to affect phenotypes. Fortunately, a large number of such genes have been identified by mutagenesis coupled with high-throughput phenotype screening (35) (36) (37) . Mammalian Phenotype Ontology (MPO) (38) , a newly developed collection of known allele-phenotype relations, enabled a systematic, large-scale application of our approach. The MPO uses controlled vocabularies to describe the phenotypes # The Author 2007. Published by Oxford University Press. All rights reserved. For Permissions, please email: journals.permissions@oxfordjournals.org and hierarchically organizes them as a directed acyclic graph (DAG). Each node in MPO represents a category of phenotypes and is associated with gene variants (alleles) causing these phenotypes in genetically engineered or mutagenesis experiments. These phenotypically categorized genes provide an excellent starting point for our integrative genomics approach, a flow chart of which is shown in Figure 1 . In this work, we retrieved genes affecting mouse behavioral and neurological phenotypes from MPO database, then used microarrays to assess their expression levels in the brain samples of a BXD recombinant inbred (RI) mouse panel and mapped the QTLs modulating their expression levels. The BXD RI strains were derived by crossing two inbred parental strains C57BL/6J and DBA/2J and then inbreeding progenies for many generations (39, 40) . The eQTLs may also influence these behavioral/neurological phenotypes, some of which are actually coincident with the previously identified QTLs that influence behavioral/neurological phenotypes. Finally, we used non-synonymous single nucleotide polymorphisms (nsSNPs) and expression microarray data to screen for causal genes in eQTL intervals. Lines of independent evidence from transcription factor binding site (TFBS) analysis and biomedical literature support our results, indicating the value of the method in providing high quality candidate QTLs.
RESULTS
Systematic mapping of genetic loci influencing mouse phenotypes using mRNA expression data
The MPO hierarchically organizes a set of MP terms as a DAG, from the rather general to more specific. At the most general level (immediate child nodes of the MPO root), phenotypes are categorized on the absis of anatomical tissue types. In this study, we focused on the MP terms descended from one of these general phenotypes: the 'behavior/neurological phenotypes' (MP:0005386). For each MP term, we extracted from the Mammalian Phenotype Browser (38) a set of genes whose mutant or engineered alleles are associated with that term. We assessed the transcript levels of these genes in BXD brain samples using microarrays. A total of 630 genes on the Affymetrix M430 microarray were associated with the behavior/neurological phenotypes node. Likewise, genes associated with a child MP term consist of a subset of these genes. For each of the 630 genes, we attempted to identify a trans-acting locus regulating its transcript level. Using this approach, we mapped 53 significant QTLs for genes associated with behavior/neurological phenotypes (Table 1) . Altogether, 40 MP terms were associated with at least one of these 53 trans-acting QTLs. Figure 2 shows a part of the MPO DAG and the QTLs associated with the MP terms. The entire DAG of mapped MP terms can be found in Supplementary Material (Fig. S1 ).
Screening for causal genes
The ultimate goal of QTL mapping is to identify the causal genes that are responsible for the QTL effects, i.e. the quantitative trait genes (QTGs). C57BL/6J and DBA/2J, the two parental strains of the BXD panel, have been well sequenced, and dense sets of SNPs between these strains are available. For each eQTL, we employ SNP data and gene expression data in a two-pronged approach to prioritize the causal genes ( Fig. 1) . (The candidate causal gene list can be found in Supplementary Material, Table S1 .)
Two types of DNA sequence polymorphisms may underlie QTL effects. The first type of polymorphisms is nsSNPs located in the coding region of the QTG and modifying the protein sequence. The gain or loss of function of a protein product may affect the transcript level of its target gene(s). Therefore, in the QTL interval, genes with nsSNPs between the two parental strains are excellent candidate QTGs. For example, as shown in Figure 3 , Ntsr2 encodes a low-affinity neurotensin receptor and a null allele of Ntsr2 results in abnormal thermal nociception (41) . Indeed, a previous study showed that the thermal nociception varied across BXD strains (42) . A QTL modulating the transcript level of Ntsr2 was identified. Adcy2, located in the QTL interval, is a strong candidate QTG. Adcy2 encodes a brain adenylate cyclase and has two missense polymorphisms (V $ A and R $ Q) between the two parental strains. Activation of adenylate cyclases is known to downregulate the mRNA levels of neurotensin receptor (43) , and adenylate cyclases are known to modulate the thermal nociception (44) . Therefore, Adcy2 may regulate the expression of Ntsr2, which in turn regulate thermal nociception. Transcription factors in the QTL intervals and with nsSNPs are also high-priority candidate QTGs, especially when putative binding sites exist in the promoter regions of the target genes. For instance, four of the nsSNP-bearing candidate QTGs encode transcription factors (Ets2, Gtf2a1, Stat4 and E2f2) with known DNA-binding sites, as listed in the TransFac database (45) . Table 2 shows the results of TFBS prediction in the promoter regions of the target genes. We found TFBSs in five out of seven putative regulatory relations. This immediately suggests the potential regulatory roles of these transcription factors in the manifestation of the corresponding phenotypes listed in Table 1 . Interestingly, Kcna1, Zic2 and Dlgh4 have co-localized eQTLs and putative Stat4 binding sites in their promoter regions. In contrast, Pxmp3 and Rorb also have co-localized eQTLs, but neither has putative E2f2-binding sites in its promoter region, indicating that, in this case, E2f2 is not a good candidate QTG. The second type of polymorphisms are located within the regulatory regions of the QTG and may affect the QTG's mRNA abundance. Current understanding of regulatory polymorphisms is sparse; therefore, we cannot prioritize candidate causal genes by simply cataloging regulatory sequence polymorphisms. However, if the QTG has a regulatory polymorphism that changes its expression level, it will give rise to a cis-acting eQTL near its own location. Additionally, we computed Pearson's correlation coefficient (PCC) between the expression levels of the target gene and the candidate QTG. Genes residing in the QTL interval and having both significant cis-acting eQTL and PCC are considered to be likely QTGs. Table 3 shows two predicted QTGs of this type with supporting evidence from literature. In the first example, a genetic locus influencing abnormal involuntary movement (MP:0003492) was identified by mapping the eQTL of Myo6. Myo7a in the QTL interval was identified as the only candidate QTG with significant cis-acting eQTL and PCC (P , 0.01). Both Myo7a and Myo6 encode unconventional myosin isozymes expressed in the inner ear. Indeed, mutated alleles of Myo7 and Myo6 both cause common behavior/ neurological phenotypes: abnormal head movements (MP:0000436) and circling (MP:0001394) as well as other shared phenotypes like inherited deafness (46, 47) . These data suggest that a regulatory polymorphism in the Myo7 gene alters its own gene expression level and consequently alters expression levels of relevant genes (e.g. Myo6) through cellular signaling pathways. In the second example, a genetic locus influencing abnormal visual placing response (MP:0001526) was identified by mapping the eQTL of Bbs4. Ttc8 in the QTL interval was identified as one candidate QTG with significant cis-acting eQTL and PCC (P , 10 25 ). Both Ttc8 and Bbs4 encode tetratricopeptide repeat domain proteins and were identified as molecular determinants of Bardet -Biedl syndrome by positional cloning (48) . Interestingly, one major symptom of Bardet -Biedl syndrome is poor visual acuity and blindness, which may explain the abnormal visual placing response of mice. These data suggest that Ttc8 might play a similar role as Bbs4 in mouse abnormal visual placing behavior.
Co-localization of gene expression QTLs and physiological and behavioral QTLs
A large set of QTLs regulating physiological and behavioral phenotypes (pQTLs) have already been acquired using BXD lines. We assembled a data set containing 67 BXD behavioral and neurological phenotypes, each of which has a significant QTL (genome-wide adjusted P , 0.05). We found that 10 of the 53 loci associated with the MPO gene set were co-localized with these 67 pQTLs [i.e. the peaks of LOD (log of odds) are within 5 Mb) (Supplementary Material, Table S2 ). Direct links between BXD phenotypes and the specific MP terms are often unclear; however, plausible hypotheses about gene -phenotype relations can be generated by the co-localization analysis. For example, as shown in Figure 4 , a pQTL influencing the open-field behavior of BXD mice in response to 5 mg/kg cocaine (49) co-localizes with the eQTL modulating expression of Ank2 which encodes a cytoskeletal adaptor protein. Notably, a major goal of open-field behavioral assays is to test locomotor activity differences. Some independent lines of evidence support the involvement of Ank2 in a molecular pathway underlying differences in cocaine-related locomotion. First, a null allele (knockout) of Ank2 results in abnormal locomotor activity in the absence of cocaine (50) . Second, at the molecular level, cocaine is reported to modulate the functioning of Ank2. In addition, cocaine causes dissociation of Ank2 from inositol (1,4,5)-trisphosphate receptors and translocation to the plasma membrane and nucleus. This increases the intracellular calcium concentration and affects the activity of cytoskeletal proteins (51,52). Therefore, it is possible that Ank2 activity mediates at least part of cocaine's effect on mouse locomotor activity.
DISCUSSION
Targeted mutation (knockout and knockin technologies), genome-wide ENU mutagenesis and studies of spontaneous mutations have led to an accelerated accumulation of data associating phenotypes with their causal genes. The crucial question is, based on these known but dispersed associations, can we systematically identify additional genes and pathways underlying a phenotype and fill in missing components linking genes to phenotypes? The intersection of genetical genomics and the known effects of specific single-gene mutations on physiological and clinical phenotypes provides an excellent tool for dissecting the phenotypes. We have integrated these two approaches to understanding mouse phenotypes-the confirmed genotype -phenotype relations from single-gene manipulations and transcript-eQTL pairs identified by genetical genomics approaches, to predict potential genetic loci and QTGs underlying a broad category of phenotypes.
Gene expression as an intermediate phenotype
The majority of MPs, from normal range physiological and behavioral variation to disease states, are genetically complex. Even in a defined genetic background, polygenic influences and complicated environmental effects serve to obscure genetic analysis. Cui et al. (53) . estimated heritability of transcript levels using F 1 hybrid mice. Although different transcript may have very different heritability, a substantial portion (25%) of transcripts are highly heritable (heritability . 0.5) (53). This suggests that transcript abundance may be a valuable intermediate phenotype between genomic DNA sequence variation and more complex system-level phenotypes. While gene expression phenotypes are also subject to complex regulation and environmental noise, they are considerably closer to the level of molecular influence than the phenotypes they modulate. Another advantage of using a molecular-level phenotype like transcript abundance is that it is possible to examine separately the influences of independent genetic pathways. This is an important consideration since even in animals models with a defined genetic background there may be multiple independent pathways that produce indistinguishable phenotypes.
Alternative and complementary methods
Although there are several alternative methods for the genetic dissection of complex traits, each has its advantages and drawbacks. A phenotype-driven approach uses genome-wide mutagenesis that results in phenotypic abnormality for which the causal gene needs to be identified with considerable effort. Another approach, gene-driven, is the international effort aimed at systematically knocking out every gene in the mouse genome (37, 54) , which is currently underway and for which assessment of a large set of physiological and disease phenotypes for these mutants is also planned. Again, this is a powerful screening approach to elucidating molecular mechanisms underlying specific phenotypes, but is laborious and expensive. Furthermore, approaches that mutate one gene at a time require additional steps to analyze pathways of effect. Both of these approaches, and indeed any method that involves identification, with reasonable certainty, of a specific gene involved in a phenotype is complementary to the approach we describe. The more extensive the collection of target genes with known effects, the more efficiently our method functions.
Co-localization of eQTL and pQTL
Phenotype-driven studies of complex traits have identified a large collection of pQTLs, yet further characterization of the molecular determinants has been proven to be difficult. For instance, identification of the 67 pQTLs already acquired for the BXD RI lines has not resulted in identification of the underlying genes in most (if not all) cases. However, the availability of co-localized eQTLs provides extra useful information in helping us to uncover genes that regulate these phenotypes. As Schadt and coworkers proposed (14), co-localization of an eQTL and a pQTL may be interpreted by one of the three different models: (i) causal model, where the common QTL acts on the gene expression trait and the gene regulates the phenotype trait; (ii) reactive model, where the common QTL acts on the phenotype trait and the gene expression trait is reactive to the phenotype and (iii) independent model, where the common QTL acts on the expression trait and phenotype trait independently. By mining the biological literature for the implied association of the gene and the phenotype trait, it is sometimes possible to pick the likely model for action of the pQTL, expanding our understanding of its action to the molecular level. The hypothetical model shown in Figure 4 is just an example of this approach.
Potential and limitations of the method
Our method is a powerful protocol for connecting the rapidly increasing universe of genetical genomics gene expression data with known gene -phenotype relations. Of course, as the tools and data sets available for genetical genomics investigations improve, so will our method. In this paper, for instance, we only applied our method to one MPO branch (MP:0005386), where gene expressions data in a highly relevant tissue have been assessed by us. Currently 34 high-level classes of phenotypes are included in the MPO database, many of which are related to specific tissue types. As gene expression is profiled in greater numbers of tissues, many more MPO phenotypes branches can be investigated in the same way. Actually, this method can make use of any known gene -phenotype relation and is not limited to MPO entries. Furthermore, if the researchers only have a handful of genes to start with, real-time RT -PCR instead of microarrays can be used to measure the gene expression levels in relevant tissues. The statistical power of the genetical genomics data sets available is also undergoing rapid improvement. The current expression data set consists of only 42 strains, and expression profiling of all members of the remaining BXD RI strains will improve our power to detect QTLs. Also, an ambitious project with the goal of generating 1000 RI lines by crossing eight common inbred mouse strains is underway (55) . This project, the Collaborative Cross, increases the sample size and power by over 10-fold. By increasing the size of mapping panel and/or by including more variations between parental strains, many more significant QTLs and QTGs will be identified. The final data-availability limitation is categorical: our method does not currently incorporate data relating mRNA abundance to protein abundance and function, because whole proteome data sets are not yet available. Since phenotype manifestation involves complex interactions at the levels of DNA polymorphism, mRNA abundance and protein abundance and modification, there are important layers of interaction we are not able to identify. Whole (41) . Adcy2, located in the eQTL interval and encoding a brain adenylate cyclase, is a strong candidate gene underlying the eQTL and controlling the thermal nociception phenotype. Adenylate cyclases are known to regulate mRNA level of Ntsr2 (43) and to modulate the same phenotype as does Ntsr2 (44) .
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MATERIALS AND METHODS

Data collection and microarray experiments
MP annotations of mouse genes were retrieved from the Mammalian Phenotype Browser (38) . We focused on MP terms descendent from the behavior/neurological phenotype branch (MP:0005386). Noting that annotations were usually assigned at the most specific levels, we recursively included annotations implied by the structure of the MPO, so that if an MP term was associated with a gene, then all the ancestors of the MP term were also associated with that gene. The steady-state transcripts levels of these genes in brains from 42 BXD strains were measured using Affymetrix M430 microarrays. Samples from brain tissues (forebrain minus olfactory bulb, plus the entire midbrain) were hybridized in small pools (n ¼ 3) of closely matched age and same sex to a total of 83 Affymetrix M430A and B array pairs. A table that summarizes information on strain, sex and age of the mice is available at the Genenetwork website (http://www.genenetwork.org/ dbdoc/IBR_M_0405_R.html). The original microarray data were processed using the Robust Multichip Average method (56) . The genotypes of the BXD strains were characterized using 3795 markers that have been carefully error-checked (57, 58) .
QTL mapping and significance testing
Genome-wide QTL mapping was carried out for each transcript of interest following standard marker regression mapping protocols (59) . A trans-acting eQTL was conservatively defined as eQTL that mapped to a different chromosome The cutoff is preset by the Match program to minimize the sum of false-positive and false-negative rates. from where the target gene regulated by the eQTL is located. The highest trans-acting LOD of each transcript across the genome was determined and the corresponding empirical P-value (60) was estimated by 5000 independent permutations of the original transcript trait values. For each MP term (i.e. each node in the MPO DAG), we used Bonferroni correction or q-value (pointwise false discovery rate) (61) to correct for testing of multiple genes associated with it. An eQTL was considered significant and retained for further analysis only if the Bonferroni corrected P , 5% or q , 10%. The confidence intervals of the retained eQTLs were estimated using the 1.5 LOD rule (62, 63) .
Assessing candidate QTGs by expression analysis
If the QTG affects the downstream target gene expression by altering its own transcript level, the candidate QTG should itself have a cis-acting eQTL. We screened for candidate QTGs with cis-acting eQTLs that are overlapped with the trans-acting eQTL interval of the target gene. Because we need only test the trans-acting eQTL interval instead of the whole genome, we simply required LOD ! 4.3. Next, all the candidates with cis-acting eQTLs were assessed for pairwise PCCs between their transcript level and the target gene transcript level. The raw P-value of PCC was Bonferroni adjusted to correct for testing multiple transcripts in the QTL interval. Genes having cis-acting eQTL plus significant PCC (adjusted P , 0.01) were considered candidate QTGs.
nsSNPs analysis
Genes within eQTL intervals that harbored between-strain nsSNPs were automatically considered QTG candidates. SNPs annotated as missense or nonsense mutations between two mouse strains (C57BL/6J versus DBA/2J) were extracted from the Celera mouse RefSNP database (64) . Entries that also have within-strain nsSNPs were filtered. The position of an nsSNP in the mouse genome (NCBI Build 33) was determined by aligning its flanking DNA sequences with the genome sequence using the BLAT program (65) . The genomic locations for all RefSeq (66) mRNA transcripts were obtained from UCSC Genome Browser site (genome.ucsc.edu). We required an nsSNP to be located within the coding region of the gene and to produce an amino acid change in the same transcription orientation. Thus, 4464 nsSNPs were assigned to 2624 out of 16042 genes with genome location information, of which 146 are nonsense mutations and 4318 are missense mutations.
TFBS analysis
For each predicted regulatory pair where the regulatory gene encodes a transcription factor, we used the MATCH program (67) to screen putative TFBSs in the 1000 bp upstream of the target gene transcription start site, which was extracted from the mouse genome annotation database (68) . Putative TFBS were identified when the computed matrix similarity scores were higher than MATCH's preset cutoffs, which were designed to minimize the sum of falsepositive and false-negative error rates.
